tion examined using the net reclassification index. Results: FH was an independent risk factor for CHD (odds ratio = 1.7, 95% confidence interval = 1.26-2.47) and improved discrimination beyond guideline-defined clinical factors (p < 0.0006). However, the difference in the area under the curve of 2.8% and the extent of patient reclassification resulting from the inclusion of FH were small (p = 0.11). Conclusion: While FH were a significant independent risk factor for CHD, it added little to risk factors typically included in guidelines.
which might be easily applied across many areas of health care [6] [7] [8] . In clinical genetics, FH information is the principal tool for risk assessment, and has also been shown to be strongly associated with the risk of many common complex diseases as well as Mendelian single gene disorders. A person's FH reflects 'the consequences of genetic susceptibilities, shared environment, and common behaviors' [7] . However, although FH is considered 'one of the oldest diagnostic tools in medicine' [7] , its performance when applied widely in risk assessment requires rigorous evaluation [8] . Many publications cite relative risk as the measure of association between FH and risk of disease; however, while relative risk quantifies an association at the population level, it is not necessarily helpful at the individual patient level, where metrics such as predictive value are more relevant [9] . Only a few published studies assess how well FH performs in risk assessment of individual patients drawn from general clinical populations [10] [11] [12] .
These issues were highlighted in the consensus panel statement emerging from the 2009 NIH State-of-the-Science Conference on Family History and Improving Health [13] . The consensus panel concluded that FH information alone had limited predictive validity for complex diseases, and that 'future … efforts should evaluate family history in combination with genetic and environmental variables, for its predictive value and its potential role in improving patient outcomes' [13] .
Empirical studies evaluating FH in this way ideally require longitudinal data in which the full range of information on risk factors and FH are captured at baseline, coupled with appropriate measures of disease outcome. While there are examples of this approach, such as the Multi-Ethnic Study of Atherosclerosis prospective cohort study [14] , investigations of this kind will take, at a minimum, 5-10 years to generate adequate data for analysis and will be difficult to justify for FH analyses alone. Few existing longitudinal studies are likely to have sufficiently complete data about FH, risk factors that are typically included in guidelines, and disease incidence or mortality to allow adequate secondary analyses. Cross-sectional analyses, though not directly investigating prediction, may offer useful insight. Therefore, we undertook an analysis of a cross-sectional study to examine the extent to which risk stratification in a complex disorder, coronary heart disease (CHD), was improved when FH was added to standard risk factor information specified in a clinical practice guideline. This analysis was of particular interest because assessments of the value of genetic variants for cardiovascular disease prediction (online supplementary 
Subjects and Methods

Study Design and Participants
This study was a secondary analysis of data from the Aberdeen Study of Cardiovascular Health in Women (ASCHW), a retrospective cohort study originally designed to examine the association between hypertensive diseases of pregnancy and cardiovascular outcomes in later life [15] . Briefly, the ASCHW study compared 3 groups of women who had delivered their first live singleton infant between 1951 and 1970 in Aberdeen, Scotland: one group diagnosed with pre-eclampsia or eclampsia, another group diagnosed with gestational hypertension and a control group with neither. The 2 latter groups were matched for age and year of delivery with the pre-clampsia/eclampsia group. Women with chronic hypertension were excluded. Eligible participants were identified through the Aberdeen Maternal and Neonatal Databank and traced up to 1997 using their United Kingdom National Health Service number. Those still resident in North East Scotland were invited to complete a health questionnaire and undergo a detailed clinical examination [15] . Study participants and research nurses were blind to the study group status [15] . Of 3,593 eligible participants, family physicians gave permission to contact 1,876 women. Of these, 1,312 completed the survey and 992 attended the clinical examination (online suppl. fig. 1 ) [15] , of whom all but 19 participants consented to blood draw, leaving 973 participants.
For this analysis, we used cross-sectional data on the risk factors of interest (including FH) captured at the follow-up point of the study, at which point presence or absence of CHD was also ascertained. The risk factors of interest were those defined in a clinical practice guideline (the 'JBS 2' [16] ) applicable to a British population. JBS 2 is based on the Framingham risk reclassification algorithm [17, 18] . We developed 3 logistic regression models intended to discriminate between women with and without CHD. Model 1: used only the standard risk factors specified in JBS 2, Model 2: added FH information to these risk factors and Model 3: added all variables available in our dataset which independently improved the discriminatory accuracy. Approval for the original study was granted by the Grampian Health Board and University of Aberdeen Joint Ethical Committee and for the current analysis by the Ottawa Hospital Research Ethics Board.
Variables
The primary outcome was CHD, which was considered present if participants had: (a) angina or possible myocardial infarction as defined by the Rose criteria [19] (questionnaire data) and/or (b) one or more EKG abnormalities consistent with ischemic heart disease (clinical examination data). EKGs were obtained by the research nurses at the follow-up clinical examination and were blindly coded according to the Minnesota system [20] . They were classified as CHD if they showed either Q/QS pattern changes and/or other coded 'ischemic' changes.
The JBS 2 specifies the following variables for risk classification for cardiovascular disease: age, systolic blood pressure, ratio of total cholesterol to high-density lipoprotein, smoking status, and Hasanaj et al. 210 diabetic status. We used these risk factors in our model development and did not apply the JBS 2 formula directly to our dataset. We ascertained FH from the survey responses. We defined positive FH as 'diagnosis of heart disease before the age of 60 in either parent or any siblings' and dichotomized it into present (at least one affected first-degree relative) or absent (no affected first-degree relative). We also included variables relevant to the description of the sample and those which were potential confounders or effect modifiers: exercise, body mass index, alcohol intake, diastolic blood pressure, educational attainment, socioeconomic status, and original ASCHW grouping (pre-eclampsia/eclampsia, gestational hypertension, neither) (online suppl. table 2).
Statistical Analysis
Standard descriptive statistics were used to compare the groups with and without CHD. We used χ 2 and t tests to assess the differences between the groups. For the 3 models, we assessed linearity of continuous variables using LOESS smoothing on the logit scale. We compared the performance of Model 2 versus Model 1 and Model 3 versus Model 1 using likelihood ratios, c-statistic and receiver-operating curves. The c-statistic (representing the area under the receiver-operating curves) indicates a model's performance in correctly identifying the status of each subject in a sample with respect to having or not having the attribute of interest: in this study, correctly identifying those who had CHD and those who did not [21] . We also used risk reclassification tables to compare Models 2 and 3 with Model 1, using the net reclassification index (NRI) as a summary measure [21] . The NRI estimates the overall improvement in reclassification between models and quantifies the correct movement of individuals to higher and lower risk categories [21] . To aid interpretation of the reclassification analysis, we selected 2 probability cut-off points for having CHD resulting in 3 risk strata (low, <20%; intermediate, 20-50%; and high, >50%). These were chosen to illustrate the performance of the models and were not informed by specific clinical criteria. Analyses were performed using Statistical Analysis Software 9.2 (SAS Institute, Cary, N.C., USA). Values are numbers (%) or means ± SD. BMI = Body mass index. HDL = high-density lipoprotein. a n = 212. b n = 733.
Results
Of the 973 participants, 28 were excluded due to missing data on one or more of the variables considered in our models, resulting in 945 (97%) respondents included in the final analysis.
Descriptive statistics are presented in table 1 . A total of 212 participants (22.4%) fulfilled the criteria for CHD. Compared to the group without CHD, the CHD group was slightly older (64.6% in the oldest age category), had lower self-reported levels of physical activity, was more likely to be obese, had lower mean high-density lipoprotein and higher mean systolic blood pressure, and was more likely to report a positive FH. There were no statistically significant differences between the groups in attainment of higher education, social class, alcohol intake, diastolic blood pressure, total cholesterol, diabetes, original ASCHW group, or current self-reported smoking status.
For all models, the regression coefficients for age, systolic blood pressure, total cholesterol, and high-density lipoprotein were statistically significant. The c-statistic for Model 1 was 0.603. For Model 2, the regression coefficient for FH was highly significant (p < 0.0006, odds ratio (OR) = 1.70, 95% confidence interval (CI) = 1.26-2.47), and the c-statistic was 0.631. Of the additional variables available for inclusion in Model 3, only one (exercise) was retained because it satisfied the threshold p value. The regression coefficient for FH remained significant (p < 0.0021, OR = 1.67, 95% CI = 1.21-2.31) and for exercise was highly significant (p < 0.0001, OR = 0.40, 95% CI = 0.28-0.55). The c-statistic for Model 3 was 0.681.
The likelihood ratio comparing Models 1 and 2 was 11.654 (p < 0.0006) and comparing Models 1 and 3 was 40.034 (p < 0.0001), suggesting that both the FH and exercise variables improved the overall fit of the basic model. The results are summarized in figure 1 .
The reclassification results for Model 2 versus 1 are summarized in table 2 . Across the entire sample, 18 participants were reclassified in the correct direction with Model 2: 1 individual with CHD was reclassified from a lower risk to a higher risk stratum (implying she was a false negative under Model 1), and 17 individuals without CHD were reclassified from a higher risk to a lower risk stratum (implying they were false positives under Model 1). Four participants were reclassified incorrectly: 2 with CHD were reclassified to lower risk strata (therefore, to false negative under Model 2), and 2 who did not have CHD were reclassified to higher risk strata (to false positive under Model 2). The NRI estimate was 0.015, statistically nonsignificant (p ≥ 0.119).
The reclassification results for Model 3 versus 1 are summarized in table 2 . Seventy-eight women were correctly reclassified: 14 with CHD to higher risk strata (from false negative under Model 1 to true positive) and 64 without CHD to lower risk strata (from false positive under Model 1 to true negative). A total of 25 were incorrectly reclassified, 10 with CHD to lower risk strata (from true positive to false negative under Model 3) and 15 without CHD to higher risk strata (from true negative to false positive under Model 3). The NRI estimate was 0.085 (p < 0.001).
Discussion
These analyses suggest that FH is an important independent risk factor associated with CHD in the sample of women studied. In principle, therefore, it might improve predictive models over and above guideline-defined risk factors. Our findings are consistent with another crosssectional study of FH and cardiovascular risk assessment. Scheuner et al. [11] investigated the improvements in identification of individuals with advanced coronary artery calcification (a proxy for cardiovascular disease) gained by adding FH to a multivariate model which predicts global cardiovascular disease risk. They showed that adding simple FH information produced highly statistically significant improvements to the model, although the study was limited by the use of a surrogate outcome. However, given that a binary risk stratification system is likely to be correct for 50% of subjects simply due to chance, the observed area under the curve (AUC) values for our models (under 0.7) represent a modest performance. Our findings are consistent with the longitudinal analyses of incident CHD and cardiovascular disease outcomes recently reported by the Multi-Ethnic Study of Atherosclerosis study investigators [14] . In analyses confined to individuals at intermediate risk at baseline, this study observed that FH improved the AUC from 0.623 (Framingham Risk Score) to 0.675 for both CHD and cardiovascular disease outcomes.
This throws into question the clinical relevance of the additional 'information value' of FH and supports the contention that risk factors strongly associated with disease incidence do not necessarily translate into strong predictors of disease at an individual level, and, therefore, they require further evaluation before being considered as screening or predictive tests [22, 23] . The combination of risk factors, each with moderate discriminatory accuracy, does not necessarily result in additive improvements in predictive ability. If the findings of the MultiEthnic Study of Atherosclerosis study, and our own, are replicated, then it would reinforce the importance of following up analytical epidemiological studies (which generate relative risk estimates) with clinical studies which evaluate the predictive accuracy of risk factors when used in individual patients. Differences in absolute risk between individual patients with or without a positive FH may be more meaningful and accurate than multiplicative increases.
It has been suggested that performing receiver-operating curve analyses is an appropriate first step in examining the incremental improvement in risk discrimination conferred by a risk factor, and that a clinically meaningful change in AUC must be present to justify moving on to assessing impact on risk reclassification [24] . However, there is no single benchmark for 'clinically significant change' in AUC, since the latter must depend on the consequences of the change in classification for the population in question. The 'utility threshold' for a change in AUC depends on the absolute benefits costs at a population level which follow from improvement in prediction [25] . A first step is to quantify the net reclassification of risk for a target population, not only in terms of magnitude, but also in direction, and in differential effects on subpopulations. Allowing for the preliminary nature of the analyses, the data presented here suggest that adding FH achieved small overall shifts in subject risk classification (magnitude), with net fewer false positives (direction), mainly in unaffected women (differential population effects). If these results are replicated, it would suggest that the benefits from including FH in the model accrue from reductions in intervention in people for whom it is not indicated. Although this point may be counter-intuitive, in that risk, models are probably unconsciously perceived as being useful for identifying 'positive' risk (case finding); it has been made recently by other authors [26] . A holistic approach to assessing benefits and costs needs to include modeling impacts of reduction in false positive rates, not just the identification of more cases. Risk reclassification analyses, linked with decision-modeling 213 approaches, provide a basis for quantifying the population impacts of altering risk stratification systems through changes in clinical management, patient behavior and use of resources.
Strengths and Limitations
The original ASCHW study examined the association between hypertensive disease of pregnancy and the development of CHD later in life. As a result, ASCHW oversampled women with a history of hypertensive diseases of pregnancy, and these were demonstrated to be positively associated with later cardiovascular disease [27] . This is probably the reason for the high prevalence of CHD in our sample (22%).
The original cohort study was carefully conducted, and the original coding and case definitions were subject to careful quality assurance [28] [29] [30] . The outcome assessments were based on validated instruments: the WHO (Rose) Angina Questionnaire [19, 31] was developed for self-report use in epidemiological studies, although it is likely to under-ascertain cases in women as its sensitivity and positive predictive value for angina is limited in this group [32, 33] . The positive predictive value of MI by Rose criteria is not known in this group. In a prospective cohort study consisting of 8,434 British women, OwenSmith et al. [34] investigated the 5-year mortality rate of Rose MI. The results showed that the 5-year mortality rate from all causes was OR = 2.1, 95% CI = 1.0-4.1 for women with Rose MI along with ischemic heart disease, and OR = 2.3, 95% CI = 1.3-3.8 for women with Rose MI without ischemic heart disease compared to women who did not have Rose MI [34] . Despite its limitations, the Rose Angina Questionnaire is a well known and widely used outcome criterion in epidemiological studies [31] . The Rose Angina Questionnaire lacks 'a gold standard' for validating its results; in its absence, EKG, expert opinion, angioplasty and exercise thallium scans have been used as alternatives [31] . The use of EKG results along with Rose results, therefore, should address some of the limitations. The EKG data were obtained under carefully controlled examination conditions and coded using standardized methods [20] , although it is also likely that this under-ascertained CHD cases [35] . However, some of the variables of interest, e.g. diabetes status, were captured by self-report rather than objective clinical measures [20] . It is unlikely that the frequency of the misclassification errors (false negatives) was systematically different for individuals with and without a positive FH of CHD. The analyses were, however, inevitably constrained by the design of the original study.
A major issue is that this was a cross-sectional analysis: although the data were derived from a cohort study, the variables of interest were only available from the followup component. Thus, the analyses here evaluated the discriminatory accuracy of FH and other risk factors in detecting current disease, not predicting future disease. It is unclear how closely these cross-sectional findings resemble a predictive scenario. In order to properly examine disease prediction, it is necessary to have a longitudinal approach, in which the full range of variables is available at the 'exposure' time point as well as a sufficient number of outcome events to offer sufficient statistical power for meaningful analysis.
The original dataset did not allow us to examine the full range of cardiovascular disease outcomes, including stroke. The JBS 2 guideline includes stroke in the definition of cardiovascular disease, whereas our outcome excluded it. It is plausible that the overall AUC would have been higher for the combined outcome rather than for CHD alone, but this does not, in itself, invalidate the evaluation of the incremental discriminatory accuracy of FH when added to standard risk factors. Furthermore, we did not apply the JBS 2 models directly to our dataset; rather, we developed new models using the same risk factors, plus the new variables (FH, exercise), and used arbitrary cut-off points for the reclassification analyses. Thus, while our models were calibrated for the study sample, the reclassification analyses may not have been based on optimal thresholds.
FH as a risk assessment tool has parallels with other genomic approaches to risk stratification. Online supplementary table 2 summarizes published analyses examining genetic polymorphisms added to standard risk factors for several complex disorders. These suggest that FH offers similar discriminative accuracy to genomic variants in complex disease risk assessment.
Conclusions
Our results indicate that FH, when added to guidelinedefined risk factors, may offer statistically significant improvement in discrimination of risk of CHD in women (improvement in clinical validity), but its added value in risk discrimination is questionable. The impact of FH within risk prediction algorithms depends on how the reclassification of risk plays out in terms of the shifts in clinical and personal decision-making that result and how these translate into absolute gains in morbidity and mortality [25] .
